Longitudinal surveys follow people over time and some of these people will die during the life of the panel. Through fieldwork effort, some deaths will be reported or known, but others will be unobserved due to sample members no longer being issued to field or having inconclusive fieldwork outcomes (such as a noncontact that is not followed by a contact at a later wave). The coverage of deaths identified among sample members has flow-on implications to nonresponse correction. Using the Household, Income and Labour Dynamics in Australia (HILDA) Survey, four methods are used to examine the extent of missing death reports. The first method matches the sample to the national death register. The second method uses lifeexpectancy tables to extrapolate the expected number of deaths among the sample with unknown eligibility. The third method is similar but models deaths from data internal to the survey. The fourth method models deaths as part of the attrition process of a longitudinal survey. The last three methods are compared to the first method and the implications for the construction of balanced panel weights and subsequent population inference are explored.
Introduction
Both cross-sectional and longitudinal surveys have some sample units with unknown eligibility that need to be addressed in some way. In the population frame used to select the sample in a cross-sectional survey, or the first wave of a longitudinal survey, some units will be out of scope. For example, in an area-based frame some dwellings may be empty or may contain people that are not in scope of the survey. Sometimes it may not be possible to make contact with the occupants of a dwelling to ascertain whether they are in scope or not, or indeed if there is anyone resident at that address at all. Survey practitioners tend to focus on high contact rates to ensure the group of units with unknown eligibility is reasonably small.
In a longitudinal survey, the situation is more complex. A sample is selected at one point in time and then is periodically interviewed over a number of years or even decades. While eligible to be interviewed at the start of the panel, some sample members will die or move abroad during the life of the panel and thus become ineligible to be interviewed at a later wave. Through fieldwork effort, the eligibility of some sample members will be reported or known while others will be unobserved due to sample members no longer being issued to field or having inconclusive fieldwork outcomes (such as a noncontact not followed by a contact in a later wave). The total number of noncontacts grows each wave, mainly due to cases being lost or not being issued to field, and some of these sample members will be out of scope. To illustrate, the Household, Income and Labour Dynamics in Australia (HILDA) Survey is a household-based longitudinal survey that began in 2001. By Wave 13 (conducted in 2013), 25% of the 13,969 Wave 1 respondents were not contacted: four percent were lost following a move (the majority of whom were lost by Wave 3), 20% were not issued to field as a result of a prior refusal or permanent health condition that makes them unable to participate, and 0.4% were issued to field but the interviewer could not make contact. Figure 1 shows the development of these different noncontact categories over time.
The coverage of deaths and moves abroad identified among sample members has important implications for nonresponse correction in constructing sample weights. Many longitudinal surveys provide data users with a range of weights, both cross-sectional and longitudinal, reflecting the different populations to be represented for different analytic objectives and the sample cases that can contribute to these estimates (Lynn 2009 ). For example, many longitudinal analyses for the period from Wave 1 to Wave t are concerned with individuals living in the population throughout that time, so would exclude people who have died or moved abroad since Wave 1. Some analyses may be concerned with individuals living in the population in Wave 1 who subsequently died by Wave t. Other analyses may focus on individuals that move abroad after Wave 1. Without appropriately accounting for whether sample members with unknown eligibility have died or moved abroad after Wave 1, longitudinal estimates (and cross-sectional estimates post Wave 1) may be biased.
This article examines what impact unknown deaths have on estimates relating to the population in Wave 1 who die by Wave t as well as estimates for individuals living in the population in Wave 1 through to Wave t. The focus is on deaths, rather than moves abroad, for several reasons: i) it is the larger of the two groups (there were 243 Wave 1 respondents reported to have moved overseas by Wave 13 compared to 1,038 Wave 1 respondents who had died), ii) it is an absorbing state so can only grow over time, and iii) linked survey and administrative death data can provide a benchmark to which alternative weighting methods can be compared.
This analysis of unknown deaths will help inform how other types of unknown eligibility can best be handled in the weighting process.
In the construction of weights for responding sample members in cross-sectional surveys, cases with unknown eligibility may be addressed by a separate (usually simple) step in the weighting process to adjust for different eligibility rates among certain classes of the sample (Valliant et al. 2013, 315) . Alternatively they may be handled in the response-propensity adjustments, or implicitly by benchmarking the responding sample to known population totals relating to eligible members in the population. In a similar way, multiple methods exist for calculating response rates in the presence of unknown eligibility. The proportion of eligible cases among those with unknown eligibility is assumed to be 0, 1 or some fraction based on known cases or external data sources. As yet there are no recommendations as to the preferred approach for dealing with unknown eligibility (Smith 2009) .
A variety of practices have also been adopted by panel studies to adjust for unknown deaths in the construction of weights for the balanced panel from Wave 1 to Wave t. Typically general population studies make no adjustment for unknown deaths, as appears to be the case for the German Socio-Economic Panel (Kroh 2013) , the British Household Panel Survey (BHPS) (Taylor 2010) , and the Swiss Household Panel (Weaver 2011) . There are three notable exceptions, though each have taken a different approach. First, the US Panel Study of Income Dynamics (up to 1993) used life tables from the US Census Bureau to predict the deaths of noncontacted sample members (Gouskova et al. 2008) . From 1993, they assumed that all new nonrespondents were alive, presumably due to very high contact rates. Second, the Canadian Survey of Labour and Income Dynamics applies a nonresponse adjustment to known deaths, although they are not included in the nonresponse modelling to calculate the size of the adjustment (LaRoche 2007). Third, up until 2013 the HILDA Survey counted known deaths as a response in the nonresponse modelling process in constructing the weights (Watson 2012) , an approach which is suggested by Kalton and Brick (2000) . In 2014, the HILDA Survey sample was matched to the national death register (Watson and Summerfield 2014) . Longitudinal studies of older individuals have more to gain from matching their samples to national death registers, as this provides the opportunity to gather additional information about the cause of death along with the exact timing. This is done for the US Health and Retirement Study (Hayward undated; HRS undated) . Some other ageing studies take a different approach. The Survey of Health, Ageing and Retirement in Europe benchmarks the longitudinal sample to mortality-adjusted benchmarks (SHARE 2013). The English Longitudinal Study of Ageing does not appear to make any correction for unknown deaths (Scholes et al. 2008) . Longitudinal studies of children are likely to ignore the issue of unknown deaths as the number of missing deaths is likely to be very small (see, for example, Hawkes and Plewis 2006 , for an analysis of the UK National Child Development Study).
There appears to only be one study that has looked explicitly at the impact of adjusting for unknown eligibility on weighted estimates in a longitudinal survey. Sadig (2014) estimated and applied an adjustment factor to BHPS response-propensity-corrected weights. This adjustment factor was calculated as the ratio of the survival rate in the population (obtained from official statistics) to the survival rate in the (unweighted) sample for each sex and age group (with nine age categories). He found that the adjusted weights reduced both the mean and standard deviation of the weights (as older respondents were receiving higher weights than they ought prior to the adjustment). The adjustment also resulted in sizeable differences to population estimates of subjective health status and some differences to regression coefficients of a model of self-reported health. This approach makes two assumptions that may be violated to some degree. The first is that all individuals in the sample are equal. Despite the initial sample having an approximately equal probability of selection design, there were certainly differences in the probabilities of response in the first wave (Taylor 2010) . The second assumption is that the sample has the same survival probabilities as the population, which may not be accurate in early waves because the sample was selected from private dwellings (and excludes people living in institutions such as nursing homes). It will be more accurate the longer the timeframe involved (Sadig's paper reported on the 18-year panel).
How many deaths are missing from the part of the sample that is no longer contacted? What is the best way to adjust for these deaths in constructing weights for the balanced panel from Wave 1 to Wave t? How do these missing deaths and weighting methods affect estimates for the population that die between Wave 1 and Wave t? How do they affect the estimates for individuals living in the population in Waves 1 through to Wave t? To answer these questions, data from the HILDA Survey is used. The HILDA Survey began with an approximately equal probability sample selected from private dwellings across Australia. The sample is clustered to allow for face-to-face interviewing. The Wave 1 household-level response rate was 66% (96% contact rate and 68% response rate given contact). Sample members are followed and those aged 15 and older are interviewed annually, collecting a broad range of socioeconomic data. While people living in nonprivate dwellings (i.e., institutions such as nursing homes) are excluded from the Wave 1 sample, sample members who move into nonprivate dwellings in Wave 2 or later are followed and interviewed. The sample is extended to include people who join a sample member's household for as long as they are co-resident, though some of these people are converted to permanent sample members (such as new births to permanent sample members). Four different methods to adjust for unknown deaths in a longitudinal survey are examined in this article. The first method matches the sample to the national death registry, and as a high match rate is achieved, this method serves as the gold standard to which the other methods are compared. The second method uses life-expectancy tables to extrapolate the expected number of deaths in the original sample over time. The third method models survival time from the observed sample and applies this to the nonresponding sample. The fourth method includes known deaths as responses in the nonresponse adjustment process over time. To assess the performance of each method against the death-register matching method, the number of deaths, the timing of these deaths, and the sociodemographic characteristics of those who die are compared. Various population estimates and model estimates are also compared for individuals living in the population from Wave 1 to 13, as these estimates may be impacted by differences in the portion of the Wave 1 population that is removed due to death by Wave 13.
The article proceeds as follows. Section 2 describes the four methods in detail. Section 3 compares the number and composition of actual and estimated deaths under each method. Section 4 examines the balanced panel weights produced and the implications for estimation are outlined in Section 5. Section 6 concludes the article.
Methods to Account for Deaths
This section describes four alternative methods for estimating the number of unknown deaths in the sample. The first three methods seek to identify or impute deaths in the part of the sample that is no longer contacted. The fourth method weights up the known deaths to allow for unknown deaths.
Method 1: Matching to Death Register
Following the twelfth wave of data collection, the HILDA Survey sample was matched to the national death register. A name-based probabilistic linking strategy was used which matched on name (first name and surname), date of birth and sex (Australian Institute of Health and Welfare 2011). A series of passes were made over the data to allow for variations in the recorded data. Match weights were assigned to linked records based on how closely the records matched: high weights indicate the matched pairs have exact or very similar data and low weights indicate they have very different data. The main contribution to the match weight is made by the names, based on how common each name is and how close the names are in the matched pair. An agreement in day, month, year, or sex increases the weight by 1 for each component and a disagreement in day, month, or sex decreases the weight by 1 for each component. The weight is decreased by 1 for each year the date of birth disagrees. The weights are used to decide between multiple matches and the higher-weighted match is taken. The weights are also used to decide when a match is likely. To determine the cutoff point to use, the distribution of the match weights for the sample known to be alive in Wave 12 (i.e., they were part of a responding household) is compared to the known dead sample (i.e., reported to be dead in Wave 12 or earlier). Figure 2 shows the distribution of the match weights for the known live sample (grey line), the known dead sample (black line), and also the entire sample (dashed grey line). As an example, there were 1,191 matched records with a match weight of 11. This is made up of 863 cases among the known live sample at Wave 12, four cases among the known dead sample, and 324 cases where it was unknown whether they were dead or alive (this last group is not shown as a separate line on the graph). Almost all (98%) sample members whose status is known that have a match weight of 29 or more are known deaths. By comparison, for those sample members with a known status that have a match weight of 21 or less, only 0.5% are known deaths. As a result, the matches with a match weight above 21 were clerically reviewed for consistency with the date of last contact. Overall, 95% of the known (or reported) deaths could be matched to a death-register record. Included in this number were eight known deaths that had a match weight below 22 (amounting to 0.7% of all known deaths). Of the five percent of known deaths that could not be matched, the main reasons were as follows:
. they had died overseas, . the surname did not match (and was not close), and . the date of birth was not close.
This method adds a total of 265 (unweighted) deaths of Wave 1 respondents to the datasets by Wave 13, representing a 26% increase in the number of deaths recorded. This also increases the response rate of Wave 1 respondents re-interviewed in Wave 13 (excluding those considered out of scope in Wave 13) from 65% to 67%.
Matching to the death register will be superior to the other methods if the match rate is high. As the match rate of reported deaths to the death register is high for the HILDA sample, this method is used as the gold standard against which the other methods are compared. This method is more costly and time-consuming (in terms of the clerical work to review matches) than the other methods and may not be able to be undertaken every wave.
Method 2: Using Life Tables
The second method employs age-and sex-specific death rates from life tables produced annually by the Australian Bureau of Statistics (ABS 2014). These death rates are the proportion of deaths that occur between exact age x and x þ 1, and is denoted as p x . To apply these death rates to the HILDA sample where a sample member is aged x years and m months at the date of last contact, a weighted combination of and p x and p xþ1 is used. That is, the probability that a person aged x years and m months at Wave t dies between Wave t and t þ 1 is: These rates are used to calculate the probability of a death between Wave t and t þ n for a person aged x years and m months at Wave t as:
That is, the probability of a death between Wave t and t þ n is the sum of the probability of death between Wave t and t þ 1, the probability of death between Wave t þ 1 to t þ 2 for those who survive to Wave t þ 1, the probability of death between Wave t þ 2 to t þ 3 for those who survive to Wave t þ 2, and so on. These rates of death are applied from the last wave in which a sample member is part of a responding household (where the household roster has been completed and at least one person has been interviewed). Each person is assigned a random number from the uniform distribution and is flagged as an imputed death in Wave n if the random number is below p tnxm . An alternative would be to assign death from the wave of last contact with a sample member (i.e., those lost to tracking, not issued, and issued but not contacted), but the interviewer may not speak with the sample member directly as this contact could have been with another member of the household or with some other person and the eligibility of the sample member may not have been ascertained. This method adds 279 deaths of Wave 1 respondents to the datasets by Wave 13, representing a 27% increase in the number of deaths recorded.
The life-table method is a relatively simple method to apply; however, life tables usually reflect survival rates in the population as a whole irrespective of whether the individuals live in institutions or not. If the sample has been selected in such a way as to exclude people living in institutions (as is often the case) or if the following rules preclude following people into institutions, then the general population survival rates may be too low (and the death rates too high) when applied to the sample in the short term.
Method 3: Model Deaths Explicitly
The third method uses the deaths observed through the fieldwork to model the survival curve for sample members. By using the available survey variables, it may be possible to predict deaths more accurately than by just using age and sex alone as in Method 2.
Survival time of Wave 1 sample members is modelled as a Weibull proportional hazards model. Sample members are designated to be alive, dead, or right censored (when the sample is not known to be either alive or dead). The survival time t for individual j is modelled as:
where X is the matrix of covariates, b is the vector of fitted coefficients and p is the Weibull shape parameter estimated from the data. Models for males and females are built separately.
For each, a model for those belonging to a Wave 1 responding household (where only some basic information is available) is constructed and another for Wave 1 respondents (for whom more detailed information is available). The covariates considered for sample members belonging to a responding household are age, presence of long-term health condition, whether married/de facto married, and employment status. The covariates for Wave 1 respondents includes similar variables from the individual interview together with education and occupation. The models are unweighted, as the aim is to predict deaths in the sample rather than the population. If certain segments of the population had been oversampled (for example, immigrants), then variables could be included in the model or separate models could be developed to reflect this. This is not the case for the HILDA Survey and including weights make little difference to the results. The fitted models are used to estimate the time to death for sample members in the last wave in which they are part of a responding household and were not known to have died at a later wave. The characteristics used for these sample members are those collected in the last responding wave. Each person is given a random number from the uniform distribution and when that number exceeds the predicted probability of survival in Wave t þ n, the sample member is assumed to have died in Wave t þ n. This method adds 262 deaths of Wave 1 respondents to the datasets by Wave 13, representing a 24% increase in the number of deaths recorded.
It is expected that by modelling deaths from the data internal to the survey, the limitations of the life-table method (Method 2) will be overcome. It should more accurately predict deaths in samples that do not align with the overall population (to which the life tables relate). It should also more accurately reflect the sociodemographic characteristics of those that die as it uses other characteristics besides age and sex to model the probability of death. This method assumes that there is reasonably good coverage of reported deaths within the portion of the sample recently contacted.
Method 4: Model Deaths Implicitly
The fourth method implicitly models deaths when adjusting for attrition in the weighting process. In the ideal world of 100% response rates, the eligibility of all sample members would be known in all waves. In reality, with response and contact rates less than 100%, sample members are known to be alive (as they are part of a responding household), known to be dead, or are not known to be either dead or alive (as they are part of a nonresponding household). When adjusting for nonresponse in the construction of the balanced panel of responding persons in Waves 1 through 13, unknown deaths can implicitly be taken account of by classifying the sample into two groups:
. Response -interviewed in Wave 1, and then interviewed, overseas, or dead in Waves 2 to 13, or . Nonresponse -all other individuals interviewed in Wave 1.
This method of counting sample members who die or are not eligible to be interviewed (because they move overseas or, in some surveys, move into institutions) as responses was suggested by Kalton and Brick (2000) .
Note that there are a number of different ways that weights can be developed for longitudinal surveys and Kalton and Brick (2000) provide an overview of the various choices that can be made. Different methods can be used to calculate nonresponse adjustments (via weighting classes, classification trees, logistic regression, or generalised raking), or how these adjustments are applied over time (wave by wave, in a single step, or in segments of waves). There are also different choices regarding poststratification adjustments, including whether or not they are made, and if made, to which population they refer (the population as at Wave 1, or some adjustment to this population to exclude deaths, emigration and immigration to reflect the live longitudinal population from Wave 1 to Wave t). It is beyond the scope of this article to consider how all of these choices interact with the ways in which unknown eligibility may be handled. Rather, the method for dealing with unknown eligibility has been varied in this article while holding the remaining aspects of the weighting strategy constant. It is not expected that these choices in other aspects of the weighting strategy would greatly affect the results.
The particular weighting strategy adopted in the HILDA Survey is as follows. The probability of response is modelled on numerous Wave 1 characteristics including age, sex, marital status, ability to speak English, employment status, hours worked, education level, health status, number of times moved in last ten years, interviewer-rated cooperation, whether the self-completion component was returned, geographical location, remoteness area, number of people in the household, household type, condition of dwelling, number of calls made, and whether the household was partially responding. Some post-Wave 1 mobility information was included when available. The balanced panel weight w r1_13 for responding persons in Waves 1 through 13 is taken to be the Wave 1 responding person weight w r1 divided by this probability of response in Waves 2 through 13 p r2_13 :
As a result, those respondents who share similar characteristics with nonrespondents receive a higher adjusted weight than those who do not. These weights are then calibrated to the Wave 1 benchmarks for age, sex, labour-force status, social marital status, household composition, and geographic area.
To obtain a weighted estimate of the sample deaths, this balanced panel population weight is rescaled to the Wave 1 responding sample size. This method estimates an additional 317 deaths by Wave 13, representing a 30% increase in the weighted number of known deaths (weighted by the Wave 1 responding person weight rescaled to the sample size).
It is expected that this method would produce similar estimates to the death-modelling method (Method 3) as they both use data internal to the survey.
Comparison of Methods
A comparison of the number of deaths reported, matched, or estimated by the different methods is given in Table 1 . Part 1 of the table provides the weighted estimate of the number of deaths cumulated from Wave 2 to each subsequent wave. The weight used to create the estimate for all methods except Method 4 (weighting) is the Wave 1 responding person weight rescaled to the sample size. The weight used for Method 4 is the balanced panel weight for Waves 1 through to Wave t calculated via that method (as described in Subsection 2.4). Part 2 of the table shows the difference in the number of deaths estimated via Method 1 to the other methods. Part 3 provides the standard errors for these differences; these are calculated using jackknife estimation from the 45 replicates routinely used to construct the HILDA weights. Part 4 of the table reports the probability that these differences are equal to zero. The death-register matching approach (Method 1) adds 68 new deaths (weighted) by Wave 7 and 289 by Wave 13 to the number of deaths already reported in the sample. As not all of the known deaths were matched (five percent were unmatched), it would be reasonable to expect there to be a similar portion of deaths not matched to the death register among sample members with unknown eligibility. This would translate to about four further deaths by Wave 7 and 15 by Wave 13, suggesting the true number of missing deaths is about 72 in Wave 7 and 304 in Wave 13. Nevertheless, as the death-register matching was of reasonably high quality, the other methods are compared to this method. The life-table method (Method 2) significantly overestimates the number of missing deaths by Wave 4 and does not come back into line with the death-register results until Wave 10. This is likely to be a result of selecting the initial sample from private dwellings (thus excluding nursing homes and other institutions), whereas the life tables relate to all people living in Australia. This healthy sample bias disappears after a decade as the next cohort of sample members age and are followed into these institutions prior to death. Modelling the deaths observed in the data (Method 3) or implicitly modelling the deaths through the attrition adjustment (Method 4) produce very similar results to those obtained by matching to the death register. Only by Wave 9 is the cumulative number of deaths higher when modelling the deaths (Method 3) compared to the death-register matching method (at the 5% significance level).
The four methods differ somewhat in the distribution of deaths over time. Figure 3 shows the year of death for reported deaths and the total number of deaths for the four methods. As more of the sample is withheld from fieldwork over time, a greater portion of deaths are missed in later waves. This is seen in the light grey dotted line, which has the highest number of deaths in 2003 and then generally falls over time after that. The number of deaths in 2002 is lower than in 2003 as the initial sample is selected from private dwellings and the respondents are well enough to take part in an interview in 2001. Matching to the death register helps correct the number of deaths to a generally more stable number over time from 2004. Note that the death-register matching results in a lower number of deaths recorded for 2003 than for the reported deaths. This is because the exact timing of these deaths is not always reported. For about one third of the deaths identified in the field, all that is known about the timing of the death is that the death was not reported at the last wave and is reported at the current wave. A quarter of those deaths are assumed to have occurred in the previous year and three quarters in the current year (as approximately 50% of the interviews are completed by September). Of the cases where a year of death was reported, only three percent did not match the year of death recorded in the death register. In terms of the other methods, the life-table method (Method 2) and the death-modelling method (Method 3) distributes the deaths in a fairly similar manner to the death-register matching, though there are significantly more deaths in 2003 with the lifetable method. The weighting method (Method 4), where the balanced panel weight for Waves 1 through to 13 is applied to the known deaths, shows substantially more deaths in early years and fewer in the later years. This is a result of greater coverage of deaths (i.e., known deaths compared to all deaths) in the early waves and less in the later waves. This may be ameliorated by modelling attrition on a wave-by-wave basis rather than in one step from Wave 1, however this may also increase the variability of the weights. Alternatively, a benchmark for the number of additional deaths estimated via each subsequent balanced panel could be included in the poststratification adjustment step of the weighting process as the cumulative number of deaths reported in Table 1 are consistent with the number of deaths identified from matching to the death register.
Aside from the total number and distribution of the deaths over time, how well do the methods reflect the sociodemographic characteristics and health conditions (as reported at Wave 1) of those who subsequently die? Table 2 provides a summary of the (weighted) Wave 1 characteristics of the reported deaths compared to the deaths identified via the four methods by Wave 13. Compared to the death-register matching (which is expected to be the closest to the truth), the people reported to have died are more likely to be younger, male, live in a two-adult household, have a long-term health condition, or have a higher mental health score. These characteristics to some extent reflect the household situations in which a death is more likely to be reported, as another sample member can report on the death. Deaths of older females living alone are less likely to be reported. For the two methods that impute missing deaths based on respondent characteristics (Methods 2 and 3), the additional deaths are likely to be (at Wave 1) younger, born in countries where the main language spoken is not English, residing in a capital city, have higher physical functioning scores, and higher mental health scores, and be less likely to live in singleperson households than those identified via the death-register matching. This suggests that, while these two methods achieve the same number of deaths by Wave 13 as the deathregister matching, they are not sufficiently discriminating in the types of people imputed as deaths over the life of the panel. For the twelve characteristics considered in Table 2 , Method 4 (weighting) is indistinguishable from Method 1.
Weights
To explore the implications of these different methods of dealing with unknown deaths in a longitudinal survey, a set of weights for the balanced panel from Wave 1 through to Wave 13 is produced for each method. The weighting process for Method 4 is described 
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earlier in Subsection 2.4 and the other three methods follow the same process, with the exception of how deaths are treated. For these three methods, deaths that are reported, matched (as in Method 1), or imputed (as in Methods 2 and 3) do not have an attrition adjustment applied. They do, however, have a separate benchmark applied and this is calculated as the weighted sum of deaths (using the Wave 1 cross-sectional weight). The small portion of reported deaths (five percent) not matched to the death register in Method 1 are weighted according to the procedure adopted for Method 4. Another method is also considered here which treats known deaths as out of scope and unknown deaths as being alive nonrespondents (denoted as Method 0). This method is included as it is explicitly or implicitly adopted by a number of longitudinal studies, as mentioned earlier. Table 3 provides the mean, standard deviation, and coefficient of variation (¼ standard deviation/mean) of the weights for the individuals living in the population from Wave 1 to 13. Note that the mean of the weights is not the same across all methods, as different numbers of deaths are assumed under each method. The coefficient of variation is a useful measure to compare across weights with different means as it is not unit specific. Weights with a lower coefficient of variation are preferred over those with a higher one (assuming no difference in the bias of resulting estimates) as the estimates will be more efficient. These summary statistics are provided for all adults and for those aged 65 and over.
Under Method 0, the mean of the weights for the older members of the population are substantially higher as it is assumed that all unknown deaths are alive nonrespondents and respondents with similar characteristics (such as being of a similar age) receive higher weights. All methods are very similar in terms of their coefficient of variation.
Impact on Analysis
In this section, various population estimates and model estimates are compared across the five weighting schemes. Table 4 provides weighted estimates for Wave 13 (2013) of the proportion of people with a long-term health condition, self-rated health status ("excellent", "very good", "good", "fair", and "poor"), health satisfaction, life satisfaction, and a rating of how much their health limits the work they can do (including paid work, work around the house or garden). The weights used here are the balanced panel weights for the There are no significant differences between the means calculated under the deathregister method and any of the other methods. The estimate that is closest to being significantly different is the proportion of people aged 65 and over reporting 'very good' health for weights calculated with no adjustment versus those with the death-register matching (Method 0 vs Method 1; difference¼ 0.4%, p-value¼ 0.149).
Next the effect that the various death-adjustment methods have on two weighted randomeffect logistic models is considered; one model is focused on life satisfaction and the other model examines the extent of health limitations. It is possible for the marginal distribution of these outcome variables (i.e., conditional on covariates in the model) to be affected by the weighting method even though the unconditional means are unaffected. Both models considered here have been restricted to older adults (aged 65þ ) as the impact of how unknown deaths are handled in the weights (if there is any) is likely to be greatest among this group due to their higher rate of death. The models were fitted in Stata using the gllamm command which allows for probability weights in the calculation of the random effects logistic model. The dependent variable for the first model is high life satisfaction (i.e., a score of eight or higher out of ten), and the dependent variable for the second model is a rating of eight or higher out of ten in terms of how limiting the respondent's health condition is on the work they can do. The covariates include age, sex, broad country of birth (indicators of whether born overseas in a mainly English-speaking country or not), real equivalised household income, marital status, education level, region, whether another adult was present during the interview, and (for the first model only) presence of a long-term health condition. These variables were included following other studies of life satisfaction and health limitations (Green 2011; Au and Johnston 2014) . The weights used here are the balanced panel weights for the 13-wave panel. The standard errors are calculated using the replicate weights and thus take account of the complex sample design. Table 5 presents the regression coefficients for the life-satisfaction model. The significant coefficients differ by at most seven percent from the baseline model (Model 0). Which weighting method is adopted is irrelevant to this model: the coefficients for the significant variables for Models 2, 3, and 4 differ by less than two percent compared to those for the death-register method (Method 1). None of these differences are significant. The coefficient closest to being significantly different from the Method 1 coefficients is the indicator variable for remote Australia for Method 0 (diff ¼ 0.187, p-value ¼ 0.119).
In the model of health limitations presented in Table 6 , the significant coefficients differ by at most 13% from the baseline model (Method 0). Again, there is little difference resulting from the method used to adjust for unknown deaths, with significant coefficients changing by no more than five percent. For the covariate sex, the coefficient becomes marginally significant under Method 4 (weighting), reflecting only a small change in the p-value for the coefficient which is close to the ten-percent significance level in the other models. None of the differences in the coefficients of these models are significantly different from zero. The coefficient closest to being significantly different from Method 1 is for age in Method 0 (diff ¼ 2 0.079, p-value ¼ 0.180).
An alternative multilevel modelling approach proposed by Skinner and Holmes (2003) could have been used here. This method incorporates all balanced panels from Wave 1, not just the balanced panel from Wave 1 to 13, and thus increases the number of person-year observations used in the models by nearly 80%. Under this modelling approach, the Wave 1 weight is used as the individual (Level 2) weight and a rescaled version of the balanced panel weights is used for the wave observations (Level 1). The wave-observation (Level 1) weights are rescaled so that the sum of these weights equals the number of wave observations for an individual (Scaling Method 2 in Rabe-Hesketh and Skrondal 2006). The model parameters under this approach are more robust to the particular choice of weighting method (Method 0 -4) adopted. The parameter estimates differ by at most two percent in the model of life satisfaction from the baseline method (Method 0) and at most five percent in the model of health limitations (results not shown).
Summary and Conclusions
This article examined four different methods for adjusting for unknown deaths in the construction of weights for a longitudinal sample. Matching the sample to the death register will produce the most accurate results assuming the matching process is of high quality. It will also provide the opportunity to add further information to the dataset, such 2. ***, **, and * represent significance at 1% level, 5% level and 10% level respectively. as a more accurate date of death and cause of death. Nonetheless, there are some difficulties in using the death register. In the HILDA Survey sample, five percent of the known (or reported) deaths were unmatched, suggesting that among the unknown deaths there would be a similar percentage of deaths not identified via this method. By Wave 13, this would amount to approximately 15 missed deaths and these would most likely be recently separated or divorced women who change their surname or people who died after moving overseas. Some adjustment in the construction of the weights would need to be made for these types of people.
Where matching to the death register is not an option or is of low quality, an alternative method will need to be adopted to improve estimates of the number of deaths, the timing of the deaths, and the sociodemographic characteristics of those that die since the start of the panel. The life-table method (Method 2) tends to overestimate deaths in the HILDA Survey sample in the short term (up to around Wave 9) for two reasons. First, the initial sample was selected from private dwellings only, so excludes institutions such as nursing homes. Second, the sample members also needed to be well enough to participate in the Wave 1 interview. For both of these reasons, the sample would be in better health on average than the overall population to which the life tables relate. Modelling the deaths from data internal to the survey (Method 3) proves to be a reasonably good short-term solution, at least in terms of the number of deaths. Unfortunately, the life-table method and the modelling-death method do not adequately reflect the sociodemographic characteristics of people who die according to the death register. Weighting the known deaths as responses provides a good solution for both the number of deaths and the sociodemographic characteristics of those that die, though the standard errors for these estimates are a little higher than the other methods (as a smaller number of cases is being given a higher weight under this method than under the other methods). Method 4, with additional benchmarks to improve the timing of the deaths, is recommended over Methods 2 or 3.
Estimates for the live population from Wave 1 to 13 were unaffected by the method chosen to adjust for the unknown deaths, at least among the variables and the time frame considered in this article. It is plausible that over a longer time frame, or for a survey with a higher rate of unknown eligibility than the HILDA Survey, the estimates for the live population would begin to be affected (as was observed by Sadig's (2014) analysis of an 18-wave panel). This is because the Wave 1 population is split into several population segments by Wave t: i) the part of the population who die by Wave t; ii) the part of the population who move overseas in at least one wave by Wave t; and iii) the remaining portion of the Wave 1 population who continuously live in the population to Wave t.
Differences in the characteristics of one of these groups (as seen for those who die) would eventually result in differences in the other groups as the overall size of the Wave 1 population is fixed. What is clear from this analysis is that assuming sample members with unknown eligibility are all eligible leads to inaccurate estimates of the total number of people who die, the timing of their death, and their sociodemographic characteristics. Similar findings are expected for other longitudinal surveys and could be confirmed through replication of these analyses. The impact may be greater in another study if a smaller proportion of deaths is reported or if these deaths are more dissimilar to the unknown deaths than found in the HILDA Survey. This is a problem that only grows over time as more of the sample is withheld from fieldwork for various reasons. Some adjustment to address this issue, either implicitly or explicitly, should be made.
While this article considered deaths specifically, this same issue of unknown eligibility also applies to people who move out of scope in other ways. For the HILDA Survey, this applies to people who move abroad, but for other surveys this could include people who move into institutions. A national registry for these transitions out of scope is unlikely to be available for matching purposes, and the findings presented here may help guide decisions on alternative methods. Aggregate statistics on transitions may be available (such as from Census or migration statistics) which could be used in a similar way to life tables in Method 2. It would certainly be feasible to use the data internal to the survey to model moves abroad or to institutions (as in Method 3) or to weight known out of scopes as responses (as in Method 4). Indeed, for those surveys of specific subgroups in the population it may not be possible to use any external data sources at all, so any adjustment for unknown eligibility would be limited to methods that use internal data (such as Methods 3 and 4). Further work could include a similar assessment for other types of unknown eligibility as presented here for unknown deaths.
